Small pelagic fish are known to aggregate into schools and clusters of schools. It is commonly assumed that the number of such schools and clusters, as well as their size and densities, will vary with the stock abundance. We have carried out a PCA based meta-analysis, using series of acoustic survey data from five different locations in Europe to examine this assumption. The study concluded that there was no discernible relationship between stock abundance and the number of schools seen, or on the clustering of those schools. The study also showed that the number and structure of the school clusters was strongly correlated with the number of schools seen. An increased number of schools in an area tended to be linked with denser clusters (more schools per kilometre) and a higher occupation of the survey area by those clusters. There was also a weaker tendency to find more clusters. It is not clear whether these relationships and the absence of a link to abundance are due to density independence in aggregation patterns or whether such density dependence is only functional at relatively low stock abundance levels.
Introduction
Density dependence of spatial distribution in marine fish stocks is an important subject for fisheries scientists because it may affect both stock catchability and the results of assessment surveys. Paloheimo and Dickie (1964) first raised the issue of density-dependent catchability in pelagic fish and suggested that pelagic fish may reduce their spatial extension to maintain constant density within schools. MacCall (1990) explained changes in spatial distribution with abundance using densitydependent habitat selection and competition: the ''basin effect''. Range-collapse together with abundancecollapse has been observed in stocks and different statistical tools have been proposed to identify how local densities are related with global abundance (Myers and Stokes, 1989; Swain and Sinclair, 1994; Petitgas, 1998) . All the above are largely concerned with the overall area occupied by the stock, rather than the spatial organisation of that stock. The relationships between the schools, their spatial distribution, and the stock abundance have attracted much less attention. An understanding of this would be needed in modelling the interaction between fish aggregation pattern and fishing strategy. Different modelling approaches have been undertaken (Mangel and Beder, 1985; Petitgas and Laloë, 1998; Maury and Gascuel, 1999) but they were all based on theoretical scenarios. For a review of these scenarios together with their potential consequences on fishing catches see Fréon and Misund (1999) . The EU funded CLUSTER project (1997 was dedicated to filling this perceived gap by characterising schools and clusters of schools in European pelagic fish stocks and analysing how these characteristics varied with overall population abundance. In essence, the project set out to determine the pattern of spatial occupation in a variety of different pelagic stocks across a range of stock-state scenarios.
We can regard fish aggregation at three distinct scales: fish are aggregated into schools, schools are aggregated into clusters, and clusters are aggregated into stock units. The organisation of schools in clusters of schools has already been described in many pelagic stocks (Cram and Hampton 1976; MacLennan and MacKenzie, 1988; Swartzman et al., 1994; Petitgas and Lévénez, 1996; Mackinson et al., 1999) but the details of these school clusters and their spatial organisation have not been studied. In this study we have grouped the schools into clusters and have estimated parameters to characterise both scales of spatial organisation. We then examined how the school parameters and the cluster parameters inter-related and how both related to the overall population abundance; i.e. how the different scales in the spatial organisation interacted. The object of this paper then is to determine the relationship between the spatial organisation of the stock and the state of that stock, i.e. its abundance. Intuitively, and most straightforward, if stock biomass increased one might expect to encounter more schools, or larger, denser schools. Given that there may be a higher scale of aggregation, i.e. at the cluster level, one might expect more clusters, or larger, denser clusters or that the stock may occupy a larger area. The converse, of smaller, less dense schools and clusters would be expected as stock biomass decreased. First, interactions between school and cluster parameters were analysed using Principal Component Analysis (PCA; Lebart et al., 1995) . Then, to understand how the interactions were related to population abundance, population abundance was positioned in the factorial space as a passive variable. Because we intended to work with a set of parameters describing different aspects and scales in the spatial organisation in the population, a large number of surveys (i.e. population observations) were needed. Therefore we have used a meta-analysis approach by pooling together different surveys on a range of different pelagic stocks. Such an approach is now common in fisheries science (Myers and Mertz, 1998) because it allows the highlighting of common general features of fish stock populations.
Materials and methods

Fisheries surveys and school echo-traces
Historical acoustic fisheries assessment surveys were analysed. For this study 26 surveys were available which were carried out in the period 1991-1997 in the following European areas: (i) the Aegean Sea: The Gulf of Thessaloniki, Greece; (ii) the western Mediterranean: the Gulf of Lions, France and the Catalan Sea, Spain; (iii) Western European platform: Spanish and French coasts of the Bay of Biscay; and (iv) the northern North Sea: Orkney/Shetland area, Scotland, UK.
Details of the surveys are summarised in Table 1 and Figure 1 . All stocks were of small pelagic species. The target species were anchovy (Engraulis encrasicholus) and sardine (Sardina pilchardus) in all areas except the North Sea where it was herring (Clupea harengus). Non-target species were also present in the survey data including mackerel (Scomber scombrus), horse-mackerel (Trachurus trachurus), blue-whiting (Micromesistius poutassou) and norway pout (Trisopterus esmarki). Digital echo-sounders now permit digital echograms to be saved as sequences of pixels or as images. Image-analysis algorithms have been applied on digital echograms to identify school echo-traces and estimate parameters of their characterisation and classification. A review of different procedures is given in are report by ICES (2000) . All surveys were analysed and school databases extracted using the same acoustic processing threshold of 60 dB. Daytime school echo-traces for each survey were extracted and characterised using different image-analysis softwares (Reid and Simmonds, 1993; Georgakarakos and Paterakis, 1993; Weill et al., 1993) in the different areas. Schools were not identified to species except for the Orkney-Shetland areas. This was because, apart from the North Sea, identification of schools to species using only the school echo-trace parameters at the 38 kHz frequency was considered to be too imprecise (Scalabrin et al., 1996) . All schools for all species were considered for all surveys except for the Orkney-Shetland surveys for which only herring schools were considered as these surveys provide assessments for herring only.
Choice of school parameters Reid et al. (2000) proposed a list of parameters for the characterisation of schools and clusters. These parameters can be grouped into three categories, morphological (length, height, area, perimeter, outline rugosity, etc.), energetic (acoustic back-scattering energy, density, internal variability, etc.) and positional (latitude, longitude, time, depth from surface, altitude from bottom). Standard definitions and notations were proposed in ICES (2000) for school parameters and these have Haralabous and Georgakarakos (1996) have shown the importance of including many or all of these descriptors. However for this analysis we have selected a reduced parameter set from each category to characterise the schools. The school parameters selected for this study were: (i) SMsca: School cross-sectional area (m 2 ); (ii) SEtot: School acoustic back-scattered total energy as an index of school biomass (m 2 nmi 2 ); and (iii) SPdep: School depth, i.e. the distance between sea surface and school centre (m).
School echo-traces are actually a distorted image of cross sections of real schools. Therefore it is necessary to correct school echo-trace parameters to estimate school parameters. An algorithm was developed by Diner (ICES, 2000) to make these corrections and we used it for all the surveys in this analysis in the estimation of the school area. More details on the protocol used for the surveys are given in .
Grouping schools in clusters of schools
We considered schools as being discrete events in space (i.e. a point process). The distance to the next-neighbour (NND) was computed for each school along the surveyed acoustic transects. We then attempted to group schools into clusters based on these distances. Essentially this involved setting a threshold NND beyond which the next school was taken to be in a different cluster (i.e. maximum distance between schools in a cluster). There is little behavioural knowledge with which to define such threshold distance a priori and historically this has always been done using an empirical approach. Basically the researcher defines a distance based on his observations. Here we used a statistical approach based on a multi-criteria algorithm to define the threshold distance. The algorithm divides the spatial point process of school occurrence into clusters of schools that have similar internal characteristics. The reference conceptual Point Process model was the Matern cluster process (Stoyan and Stoyan, 1994) although the algorithm did not explicitly estimate the parameters of such model.
For a given threshold distance schools were grouped into clusters and the following parameters were then estimated: (i) the number of clusters; (ii) their length; (iii) the number of schools per unit-cluster-length; (iv) the number of solitary schools; and (v) the homogeneity of the spatial distribution of schools within a cluster.
A range of thresholds were considered and one retained which minimised the following empirical criteria: (i) not too many clusters; (ii) not too many solitary schools; (iii) homogeneous spatial distribution within clusters; and (iv) high r 2 for the regression of the number of schools in clusters on the length of clusters.
Schools can occur at different depths in the water column. For the purposes of this analysis the school locations were vertically collapsed to two dimensions (latitude and longitude), with no reference to depth. The distance between schools was computed as the horizontal distance between their centres.
Choice of cluster parameters
Cluster parameters were chosen to characterise the spatial organisation at this scale. They were grouped into two categories: first, the occupation of space by clusters and second, the occupation of clusters by schools.
Two parameters were selected to characterise the occupation of space by clusters: (i) Nclu: the number of clusters; and (ii) Lclu/Lsur: the ratio of the summed cluster lengths to the summed transect lengths.
Two parameters were selected to characterise the occupation of clusters by schools: (i) Slop: the slope of the regression between the number of schools and cluster lengths. The regression was forced to pass through the origin thus the slope estimates the average number of schools per km in the clusters; and (ii) Lsch/Lclu: the ratio of the summed school lengths to the summed cluster lengths.
Cluster length was defined as the distance between centres of the first and last school in the cluster. The Table 1 for details on the acoustic survey series.
average for each parameter was computed for each survey.
PCA with added passive variables
From the above steps we produced a table, table Z (see  Table 2 ), comprising n=26 surveys (lines) and p=7 parameters (columns) characterising the spatial organisation (schools and clusters of schools). The aim was then to analyse the relationship between: (i) Abu: Population abundance: the survey biomass estimate in thousand tonnes; (ii) Ntot: The total school number: the survey estimate of the average number of schools per km multiplied by the area surveyed in km 2 ; and (iii) and the seven school and cluster parameters.
Because the number of observations is limited (26 surveys), we restricted the list of school and cluster parameters.
Principal Component Analysis (PCA) allows the summarising of the multi-variate correlations using factors of a limited number by grouping and ordering the many relations between the parameters (Lebart et al., 1995) . PCA was thus used on the correlation matrix of the seven spatial structure parameters to analyse their linear interactions. The technique of passive variables (Lebart et al., 1995) was then used to analyse the correlation between population abundance, school number, and the set of spatial structure parameters. Population abundance and school number were projected on the factors resulting from the PCA.
In the factorial space the proximity between the position of the parameters is interpreted in terms of correlation. Let Cjj denote the correlation coefficient between parameter j and j , the distance between point variables Pj and Pj is 2(1 Cjj ). Consider the vector for parameter j between the point origin O and the point More details can be found in Lebart et al. (1995) . Now from table Z we deduce matrix X. The different areas and stocks have different mean values for their parameters. In order to pool all surveys in a single meta-analysis we first computed standardised residuals for each area. For survey i, parameter j and area a, the residual was:
where z is the parameter value, m its mean for the surveys of the area, its standard deviation for the surveys of the area and n the number of surveys for the area. Let Y a denote the matrix of residuals with element r ija . We considered matrix Y made by appending the sub matrices Y a . The matrix X considered was X=Y/√6 as we have six areas (see Table 1 ). The correlation matrix analysed by PCA was X t X=Y t Y/6, the average correlation matrix for all areas. Table 2 presents the average parameter values estimated for the schools and the clusters. It also includes the survey abundance estimate (biomass) and the total number of schools. These can be denoted as matrices Z and Z + . Table 2 also includes the threshold NND allowing the grouping of schools in clusters although this parameter is not included in the PCA analysis. It is worth noting that there often appears to be one survey in each area for which one parameter is very different from the other surveys in that area. For instance, the 1995 North Sea survey (A95) found much fewer schools than the other North Sea surveys. The overall correlation matrix (X t X ) is given in Table 3 . The Principal Component Analysis of this matrix allows the description of the structure of the linear interactions between the school and cluster parameters. Table 4 gives the ''percent of variance'' explained by the principal components. The first three components accounted for 80% of the variance of matrix X. Figure 2 shows the results of the PCA in the factorial planes (1,2) and (1,3). The first component was defined by the opposition between the school parameters (SEtot, SPdep, and SMcsa) and the cluster parameters (particularly Lclu/Lsur and Nclu) and represented 38% of total variance. When the average school size was larger (high SMcsa and SEtot), there were fewer clusters and these occupied less of the overall surveyed area. The index of school biomass (SEtot) was the parameter most correlated with the first component. Component 2 was defined by the occupation of clusters by schools (principally Lsch/Lclu but also Slop). This component represented 28% of the total variance. Component 3 was largely defined by the vertical position of the schools and represented 15% of the variance.
Results
The total school number (Ntot) was correlated with component 1 (Figure 2 and Table 3 ) and was positioned between the occupation of the area by clusters (Lclu/ Lsur and Nclu) and the occupation of clusters by schools (Lsch/Lclu and Slop). It was diametrically opposite the school descriptors and in particular school biomass index (SEtot). So when we have more schools, we would expect: (i) smaller and lower biomass schools; (ii) more clusters; (iii) clusters to occupy more of the survey area; and (iv) more densely packed schools within clusters.
The abundance (Abu) showed only a weak relationship to any of the other variables ( Figure 2 and Table 3 ) the correlation coefficients being less than 0.4. Also the abundance (Abu) showed no relationship with the number of schools (Ntot) (coefficient of correlation of 0.07). On Figure 2 in the factorial space of the three first components the position of abundance could be interpreted as standing a little closer to the school descriptors, and in opposition to the number of clusters and their occupation of space (Lclu/Lsurv).
To investigate in more detail the relationship between school size and abundance we examined the proportion of ''rich'' schools in each area. A rich school was defined as one with a value greater than that of the 0.9 quartile in each area. Hence for each survey area we pooled all the schools and computed the value corresponding to the 0.9 quantile. Then we computed the percentage of schools in each individual year that was greater than this value. Figures 3 and 4 show the percentage of ''rich'' schools plotted by survey and year against the average school biomass (SEtot) and population abundance (Abu). These are presented as deviations from the area mean. So a positive value represents a year in which the average school biomass was above the mean for that area. Figure 3 shows that there is a strong link (correlation coefficient of 0.816) between average school biomass and the presence of more rich schools. Figure 4 shows a weaker link (correlation coefficient of 0.394) between rich schools and the stock abundance.
Discussion
Number of schools and stock abundance A key result from this meta-analytical approach is that there was no discernible relationship between school number and stock abundance. Aukland and Reid (1998) also found such an absence for North Sea herring. More fish did not mean more schools but more fish resulted in some schools being larger in biomass, as shown in Figure 4 . This suggests that stock size was not the primary factor driving schooling aggregation. The pattern of schooling aggregation was driven by other factors which could be of an environmental and behavioural nature. Indeed the number of schools and the school parameters have been shown to vary under a variety of such factors, e.g. time of day (Beare et al., 2000; Fréon and Misund, 1999) , distance to coast (Petitgas and Lévénez, 1996) , heterogeneity of the sea bed (Reid, 2000) , oceanographic conditions (Swartzman et al., 1994) , predator, prey, and fish community (Swartzman, 1991; Schneider, 1989; Massé et al., 1996) Figure 3 . The relationship between the average school biomass and the proportion of rich schools. Average school biomass is expressed in residuals relative to each area mean. Rich schools are defined as schools with biomass greater than a threshold (the 90th centile of all schools pooled together for each area). Labels represent the survey codes (See Table 1 for details of codes). The regression is y=0.112+0.088x. The r 2 is 0.67. Figure 4 . The relationship between stock abundance and the proportion of rich schools. Stock abundance is expressed in residuals relative to each area mean. Rich schools are defined as schools with biomass greater than a threshold (the 90th centile of all schools pooled together for each area). Labels represent the survey codes (See Table 1 for details of codes). The regression is y=0.112+0.0424x. The r 2 is 0.16. and seasonal behavioural change in feeding, spawning, and wintering (Fréon and Misund, 1999) .
Number of schools and clusters
The number of schools found on a survey is clearly linked to the pattern of spatial organisation in clusters.
In the correlation matrix school number showed higher correlation with the occupation of the survey area by clusters and the density of schools (number of schools per kilometre) in those clusters. School number showed weaker correlation with the number of clusters and the area occupied by schools within those clusters. Along the first principal component the number of schools (Ntot) was strongly linked with the number of clusters, the occupation of the survey area by clusters and the density of schools in those clusters. Our interpretation of these observations is that when there are more schools the strongest effect is that the density of schools in the clusters increases (Slop). At the same time the proportion of the survey track occupied by the clusters increases (Lclu/Lsur). To a lesser extent the number of clusters (Nclu) also increases. There is little evidence that the schools are occupying more of the area of the clusters (Lsch/Lclu).
School size and number of schools
There was a strong negative link between school number (Ntot) and school area (SMcsa) along the first principal component. So more schools means a smaller average school size. This fits well with the previous observation that school number shows a weak link with the occupation of cluster area (Lsch/Lclu).
School size and stock abundance
There was evidence that higher stock biomass was associated with some schools being larger in biomass but the number of schools and their pattern of aggregation in clusters was not related to stock size. This suggests that when the stock level was high, there was a slight tendency to find a larger average for the school biomass. The average value itself may increase as a result of all schools generally being bigger or because the proportion of ''rich'' schools increases. In other words any additional biomass may contribute to a pro rata increase in size of all schools or it may preferentially increase the number of large schools. Fréon and Misund (1999) reviewed the variation in school size across a variety of stocks, ecosystems, years and seasons. They identified no general rule and, in particular, no fixed value of school biomass which could be used to define a rich school. Therefore we used the simple statistical approach described above. The percent of rich schools was well correlated to the average school biomass suggesting that the variation in the mean school biomass can be attributed to the variation in the proportion of rich schools. There was also a relationship between the proportion of rich schools and the overall abundance. So when the stock abundance was high in a particular year there were more rich schools. This may partly explain why an increase in abundance was not linked to an increase in school number in the analysis. What appears to happen is that, in situations of high stock abundance, we get larger schools and we get more very large schools, rather than simply more schools. Petitgas and Lévénez (1996) showed a similar relationship between the proportion of rich schools and biomass in small pelagic fish in Senegalese waters.
Clusters and stock abundance
The stock abundance showed only slight relationships with any of the parameters describing the occupation of space in clusters of schools. This may now not be surprising given the lack of a link between abundance and number of schools, and the existence of a link between number of schools and their spatial aggregation pattern. Petitgas and Samb (1998) also found no relationship between abundance and cluster parameters (number and length) in Senegalese waters.
Implications of the present findings
The implication of these findings is that the aggregation pattern is density-independent, i.e. independent of the biomass of the stock, at least in the small pelagic stocks studied and for the range of variation observed in the stock sizes. Another possibility is that the stocks studied here do not include a wide enough range of stock size scenarios to allow density dependence to be seen acting. In the present study the limits of stock size are best known for North Sea herring where the stock varied between 500 000 and 1 000 000 tonnes over the period under review when its historical low was at less than 100 000 tonnes. The occupation of space is related to the notion of habitat. The present results suggest that the ''basin effect'' based on density dependent habitat selection and intra-specific competition (McCall, 1990) which relates stock size to spatial organisation, would act only for extreme values of abundance, high and low. For intermediate values of stock size fish abundance would not be the limiting factor and thus the spatial organisation of the stock would be more dependent on environmental parameters than on straight abundance. One consequence of this is that because fishermen exploit aggregations, the catchability of the stock would largely be dependent on the environmentally induced aggregation pattern.
This can be considered as analogous to the search for meaningful stock recruit relationships. It is self evident that if we have no fish there will be no recruitment, and here, no schools or clusters. When the stock is reasonably healthy we often get substantial variation in recruitment which links poorly to the stock abundance. Equally in this case we have no link between abundance and aggregation parameters. This may explain why the literature provides a variety of situations: e.g. range collapse at low stock size (Myers and Stokes, 1989; Swain and Sinclair 1994; Petitgas, 1998) and density independence of spatial pattern (Swain and Morin, 1996; Petitgas and Lévénez, 1996) .
Other confounding factors may include our inability to desegregate into species (except for the North Sea herring data). The surveys may not in all cases cover the whole range of the stocks and so effects may be taking place beyond the boundaries. Second, schools were grouped in clusters based on a threshold distance and this value plays a determinant role. Most commonly in ecology the threshold distance for clustering is set empirically. The operator chooses a distance based on his observations. Soria et al. (1998) used a fixed threshold distance of 1 km. Here we used a variable threshold based on the features in the data, particularly internal cluster homogeneity. Either approach will be an approximation. Schools are dynamic objects which interact with one another. Any single threshold is unlikely to capture this process fully. Finally, in our approach, empty segments inside clusters would be counted as occupied area (area occupied by clusters), while areas counted as empty would include only those empty segments between the clusters. This also may impact the relation between occupied stock area and stock size.
A conceptual model can be proposed from our findings to allow the modelling of the relationship between fish capture and the stock spatial aggregation pattern. First, envisage a scenario of a few schools and a few clusters in an area. What happens if we add more schools to the picture? From our results it would appear that the extra schools would mostly join the existing clusters, making them denser (more schools per kilometre) and longer (more of the survey track occupied by clusters). At the same time some of the schools go to make up new clusters and so the number of clusters increases with school number. However, the correlation here is much lower than for cluster density and length so this effect would be less important than the ''strengthening'' of the original clusters. There was a strong negative link between school number (Ntot) and school area (SMcsa). So more schools means smaller schools. In this conceptual model the extra schools added tend to be smaller, so the area occupied within the clusters does not vary as much as would be expected if the school size was not related to school number. Clusters can be interpreted as groups of schools sharing the same habitat and interacting with each other more than with other schools.
Conclusion
To our knowledge this study is the first attempt in the fisheries literature to estimate from survey data parameters characterising various levels in the spatial organisation of pelagic fish and investigate the relationships between schools, school clusters, and population parameters. School parameters were anti-correlated with cluster parameters meaning that larger schools meant smaller clusters occupying less space and vice versa. The total number of schools in the area was well correlated with the schooling aggregation pattern: more schools meant smaller schools organised in more denser clusters occupying more space. In contrast population abundance showed less correlation either with school or cluster parameters. Further, population abundance was not correlated with total school number. We interpreted this result by the fact that population abundance was not seen at extreme values for the years studied and, therefore, would not have been a forcing parameter on the spatial aggregation of schools. The schooling organisation being one component of catchability, catchability would not have been density dependent for the years studied here. An important implication is that stock catchability could vary for other causes than abundance at intermediate abundance levels.
